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Abstract
Daily precipitation series at station or local scales is a critical input for rainfall-runoﬀ
modelling which, in turn, plays a vital role in the assessment of climate change impact
on hydrologic processes and many other water resource studies. Future climate pro-
jected by General Circulation Models (GCMs) presents averaged values in large scales. 5
Therefore, downscaling techniques are usually needed to transfer GCM-derived cli-
mate outputs into station-based values. In this study, a statistical downscaling model is
investigated and its applicability in generating daily precipitation series is tested in the
subtropical region of South China, which has not been investigated before. The model
includes the ﬁrst-order Markov chain for modeling wet day probability, Gamma distribu- 10
tion function for describing variation of wet-day precipitation amounts, and a statistical
downscaling approach to transferring large-scale (in both space and time) future pre-
cipitation series from GCM climate change scenarios to station or local scales. A set of
observed daily precipitation series of 32 years from 17 rainfall stations in and around
a grid of 2.5
◦ in latitude by 3.75
◦ in longitude in Guangdong province of China is used 15
to evaluate the model accuracy and validate the downscaling results. The downscaled
daily precipitation series and the extreme precipitation features (including maximum,
maximum 3-day average and maximum 7-day average) are compared with the ob-
served values. The results show that the proposed model is capable of reproducing
the mean daily amount and model parameters of the daily precipitation series at station 20
or local scales in the study region.
1 Introduction
Studies on the impact of global warming on the hydrological cycles and water resources
in the future usually rely on climate change scenarios projected by General Circulation
Models (GCMs). However, the coarse scaled GCM projections (usually grids of 10
4– 25
10
5 km
2) cannot be applied directly in hydrologic studies at regional or basin scales.
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To derive local or station-based climate change scenarios from GCM output, a pro-
cedure called downscaling has been developed, tested and used through the eﬀorts
of many climatologists and hydrologists (e.g., Giorgi and Mearns, 1991; IPCC-TGCIA,
1999; Wilby and Wigley, 1997; IPCC, 2001; Wilby et al., 2000, 2002; Bardossy et al.,
2002). Although the downscaling methods usually involve more than one technique 5
and therefore tend to be hybrid in nature, they can generally be divided into three
types (IPCC-TGCIA, 1999; IPCC, 2001). The simplest method is to interpolate val-
ues from the nearby GCM grids to the study area and is therefore called unintelligent
downscaling. The second one called statistical downscaling applies various statistical
techniques to establish the relationships between observed local or station-based data 10
and area-averaged meteorological or GCM scaled climate data. These sophisticated
statistical downscaling methods include mainly regression methods, weather pattern
approaches and stochastic weather generators (Wilby and Wigley, 1997; Xu, 1999).
The third one called dynamic downscaling is implemented by running either a full GCM
at varying resolution across the globe with the highest resolution over the study re- 15
gion or a regional climate model (RCM) using GCM results as its boundary conditions
(Wigley et al., 1990; Rummukainen et al., 2004).
Among the statistical downscaling methods, stochastic weather generator seems
to be fairly simple but ﬂexible and computationally economical (Wilks, 1999; Liao et
al., 2004). It consists of three steps. Firstly, statistical models are established using 20
observed daily precipitation at each site, and then used to generate daily precipitation
series (e.g., Richardson, 1981; Wilks, 1989). Secondly, the historical relationship of
the statistical parameters of the daily precipitation series between GCM-grid and local
scales is established in order to transfer the parameter values from grid scale to local
scale. Finally, the historical relationship is used to downscale the future GCM-grid 25
precipitation series projected from changed climate scenarios to local scale. Using the
steps outlined above, the future daily precipitation series can be generated for each
site.
Note that the GCM outputs are often in monthly rather than daily intervals in time.
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It is very important to establish the parameter relationships between daily scale and
monthly scale. In this paper, we discuss the possible adjustment of the statistical pa-
rameters of daily precipitation from monthly precipitations projected by HadCM2 which
is a GCM developed and supported by the Hadley Centre for Climate Prediction and
Research, United Kingdom. In order to estimate the potential changes of daily parame- 5
ters under the changed climate, some extreme features (including maximum, maximum
3-day average and maximum 7-day average) of the precipitation series generated by
adjusted parameters are compared with the observed series at local scale.
Detailed modeling results are presented for the East River (Dongjiang) basin and
its surrounding areas in Guangdong province, a subtropical region of South China. 10
Compared with the rich studies in the USA and European countries, few statistical
downscaling exercises have been carried out in China (e.g., Liao et al., 2004), and
no study has been reported in the rainfall rich regions in South China. This study will
contribute to ﬁlling such a knowledge gap in this region.
2 Study area and data 15
The study area is a grid from 112.50
◦ E to 116.25
◦ E and 22.5
◦ N to 25
◦ N, which is
identical with one grid of HadCM2. As shown in Fig. 1, there are 17 meteorological
stations located within or slightly outside of the grid. Each station has a 32-year (1959–
1990) daily precipitation series. Situated in Guangdong province in South China, the
study area is controlled by a subtropical monsoon climate which is characterized by two 20
highly distintive wet and dry seasons. The majority of rainfall (around 80%) occurs from
April to September and the dry season kasts from October to March of the following
year. Rainfall is mainly due to frontal activities from April to June. Typhoons bring large
amounts of rainfall from June to September, particularly in the southern and coastal
areas. The regional climate is hot during the long summer and the air temperatures 25
are usually mild while cold weather (below 10
◦C) dominates only occasionally under
the inﬂuence of cold waves from North China. Table 1 presents the location, annual
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mean precipitation and weight estimated from Thiessen polygons for computing the
areal mean precipitation for the study area (i.e., the GCM grid).
3 The model and methodology
The well-known “chain-dependent process” model has been widely used to simulate
daily precipitation (e.g., Richardson, 1981; Wilks, 1999; Liao et al., 2004). In such 5
a model, a ﬁrst-order Markov chain is employed to simulate daily precipitation occur-
rence. For the sake of completeness, the stochastic weather generator and the down-
scaling method are brieﬂy described below.
3.1 Stochastic weather generator
In this study, a day with total rainfall of 0.2mm or more is considered a wet day. The 10
process can be determined by the following conditional probabilities
p01 = Pr{precipitation on day t| no precipitation on day t − 1} (1a)
p11 = Pr{precipitation on day t| precipitation on day t − 1} (1b)
for the wet-day occurrence pattern denoted by (w/d) and (w/w), respectively. The tran-
sition matrix is completed with the other two complementary conditional probabilities 15
for dry-day occurrence pattern p00=1−p01 (probability of no precipitation on day t con-
ditional on no precipitation on day t−1) and p10=1−p11 (probability of no precipitation
on day t conditional on precipitation on day t−1). Simple calculations give the un-
conditional wet-day probability (π) and the ﬁrst lag autocorrelation of the precipitation
occurrence series (γ) as 20
π =
p01
1 + p01 − p11
, and γ = p11 − p01. (2)
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The daily precipitation amount x on wet days is described by a Gamma distribution
with probability density function
f(x) =
(x/β)
α−1 exp(−x/β)
β Γ(α)
; α, β > 0; (3)
where α is the shape parameter, β the scale parameter and Γ(α) the Gamma function.
The mean (µ) and variance (σ
2) of the daily precipitation amount on wet days are then 5
given by
µ = αβ, and σ2 = αβ2. (4)
Given the diﬀerences in the statistical characteristics of daily precipitation series for
diﬀerent months, parameterization of the weather generator should be conducted on a
monthly basis. For each month, the values of π and γ are ﬁrstly estimated and then two 10
daily precipitation series, one for (w/d) and the other for (w/w), are modeled separately
using the parameterization by Eq. (3), resulting in the mean and corresponding vari-
ances µ01 and σ
2
01 for the w/d series, and µ11 and σ
2
11 for the w/w series. Together with
π and γ , six parameters need to be estimated for each site. With the objective function
of minimizing the squared roots of diﬀerences (RMSE) between observed and gener- 15
ated daily precipitation series, the simplex method is employed for automatic model
calibration and estimation of these parameters.
Stochastic weather generators are site-speciﬁc models, for which parameters are
estimated from the observed daily data for each site. However, studies on future cli-
mate change require downscaling coarse-grid outputs to local scale. The precipitation 20
model must be determined at the coarse GCM grids. In this study, the model param-
eters for the GCM grid were calculated by the areal averages of the observed stations
i=1, ···, N (N=17 in our study) with consideration of the correlation between sites.
Let ws be the weighting factors calculated by the Thiessen Polygon method (Thiessen,
1911; see also, for example, Okabe et al., 2000, p. 417) for site s whose values are 25
shown in Table 1 and rst the correlation coeﬃcient between daily precipitation data for
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sites s and t. Denote by subscript s the model parameters for site s and by a bar on
the top for the GCM (HadCM2) grid. We then have
¯ p01 =
N X
s=1
wsp01,s, ¯ p11 =
N X
s=1
wsp11,s, (5)
¯ µ =
N X
s=1
wsµs, ¯ σ2 =
N X
s=1
w2
sσ2
s + 2
N−1 X
s=1
N X
t=s+1
wswtrstµsµt, (6)
and 5
¯ π =
¯ p01
1 + ¯ p01 − ¯ p11
, ¯ γ = ¯ p11 − ¯ p01 . (7)
We will examine the validity of using areal averages in our study.
3.2 Downscaling method
The process of using GCM projections to produce local-scale or site-speciﬁc climate
change scenarios includes two steps. Firstly, some adjustment on climate statistics 10
at the GCM grid scale must be made to reﬂect the relative climate changes (Wilby et
al., 1998; Wilks, 1999). Secondly, under a given climate change scenario, the extrap-
olated area-averaged GCM projections are disaggregated into individual sites, which
is basically the meaning of downscaling. Since the ﬁrst step was not involved in this
study, changed-climates are assumed to be known and used for estimating stochastic 15
precipitation model parameters for the validation of the downscaling method.
Scale issues and downscaling techniques have been extensively studied in recent
years (e.g., Bl¨ oschl and Sivapalan, 1995; Wood, 1998). It is believed that both the
present and future climates share statistical similarities at various scales. According
to the self-similarity theory, statistical parameters of climatic series at one scale, after 20
some kind of mathematical transformation if necessary, can be applied to another
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scale through a certain scaling relationship. For the downscaling of daily precipitation,
the following two relationships are normally adopted to relate the statistical parameters
F at the GCM scale (PGCM) to those for individual stations (Pstation):
(A1) F (future PGCM)−F (present PGCM)=F (future Pstation) – F (present Pstation), 5
indicating that the absolute changes in parameter values after some kind of functional
transformation F are identical at diﬀerent scales; and
(A2) (future PGCM)/(present PGCM)= (future Pstation)/(present Pstation), indicating
that the relative changes in parameter values induced by climate change are the same 10
at diﬀerent scales.
In this study, the ﬁrst relationship was applied to the probabilities π with log-odds
transformation L(π) and γ with the Fischer Z-transformed autocorrelations Z(γ) deﬁned
respectively by
L(π) = ln

π

(1 − π)

and Z(γ) = 0.5ln

(1 + γ)

(1 − γ)

. (8) 15
The second assumption was applied to the other two model parameters µ and σ
2.
For the baseline climate, let (πs, γs, µs, σ
2
s) be the parameters for individual sta-
tions and therefore the area-average parameters ( ¯ π, ¯ γ, ¯ µ, ¯ σ
2) can be calculated us-
ing Eqs. (5–7). Given the GCM-generated areal average parameter set ( ¯ πGCM, ¯ γGCM,
¯ µGCM, ¯ σ
2
GCM) projected under the changed climate, the above relationships are em- 20
ployed to estimate the downscaled parameters ( ˆ πs, ˆ γs, ˆ µs, ˆ σ
2
s) for site s. Under the
similarity assumptions (A1) and (A2), the downscaled parameters can be derived as
ˆ πs =
exp

L(πs) + L( ¯ πGCM) − L( ¯ π)

1 + exp

L(πs) + L( ¯ πGCM) − L( ¯ π)
, and
ˆ γs =
exp

2

Z(γs) + Z(¯ γGCM) − Z(¯ γ)
	
− 1
exp

2

Z(γs) + Z(¯ γGCM) − Z(¯ γ)
	
+ 1
. (9)
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Parameter values of µ and σ
2, which directly determine the daily precipitation amounts,
are then calculated by:
ˆ µs = µs · ¯ µGCM

¯ µ and ˆ σ2
s = σ2
s · ¯ σ2
GCM
.
¯ σ. (10)
4 Model parameterization and validation
The model described in the last section includes two parts: a stochastic weather gen- 5
erator and a downscaling technique. It is important to evaluate its performance in the
study area before simulating future precipitation under varying climate change scenar-
ios.
4.1 Parameterization of the stochastic weather generator
Model parameters for each of the 17 stations were estimated using the observed daily 10
precipitation series of 32 years and then these parameters were used to generate
a 100-year series of daily precipitation for each station. Model parameterization was
then conducted again using the generated series to produce another set of parameters.
On a monthly basis, the two sets of parameters and precipitation amounts for each
single station as well as their areal averages were compared to evaluate the accuracy 15
and reliability of the stochastic model given in Sect. 3.1. The results indicate that the
diﬀerences in π, γ and µ values and monthly precipitation amounts for the observed
and the generated series are generally quite small (normally less than 10% relative
errors) and the relative errors of variance σ
2 are larger and mostly in the range of 20–
30%. More speciﬁcally, relative errors of π and γ are the smallest (mostly less than 3%) 20
and seldom exceed 10% for individual stations. For mean daily precipitation amount µ,
the weather generator estimates its values more accurately in a relatively sense for wet
days with more rainfall, as shown by the smaller errors for the continuous rainy days
(the w/w situation), especially in the summer wet season. In addition, it is also found
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that the variance σ
2 of the generated series are consistently smaller than those of the
observed series for all 17 stations and, the relative errors can reach 40–50% at some
stations.
The above ﬁndings can also be obtained by plotting the two sets of parameters
and monthly precipitation amounts in one ﬁgure for each station. As shown in Fig. 2 5
for Heyuan which is a major station located near the center of the study area, mean
monthly parameters of π, γ and µ estimated from the generated series and the gen-
erated mean monthly precipitation amounts generally match very well with the corre-
sponding values of the observed series. For variance σ
2, however, parameter values of
the generated series are obviously smaller than those of the observed series through- 10
out the year. The underestimation of the observed (“interannual”) variance of monthly
total precipitation has also been found in previous studies, and this defect of stochastic
precipitation models will need to be remedied (Gregory et al., 1993; Wilks, 1989).
The stochastic weather generator was also tested by comparing the mean monthly
area-average model parameters and precipitation amounts of the generated and ob- 15
served series. Similar ﬁndings can be obtained to conﬁrm the good performance of the
model. Table 2 presents the small diﬀerences between the two sets of the parameters
π, γ and µ, as well as the underestimation of variances σ
2under both w/d and w/w situ-
ations. Also shown in Table 2 is that the generated monthly total precipitation amounts
match those observed data very well for the wet season from April to September (rel- 20
ative errors: 0.18–2.70% and less than 1% for four months) and less satisfactory for
the dry season from October to March (relative errors: 1.90–9.72% and greater than
5% for four months). It is noted that the reduced accuracy for the dry months is a re-
sult of the relatively more signiﬁcant errors in the simulation of small daily precipitation
amounts. For the mean annual precipitation total, the observed and generated value is 25
1740.4mm and 1759.9mm, respectively, indicating a relative error of only 1.1%.
Comparison between area-average and individual station values of parameters and
precipitaiton amounts indicates that their monthly variations are generally similar but
not always consistent. For example, as shown in Fig. 3, the monthly ﬂuctuations of
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mean daily precipitation amount µ and variance σ
2 for Heyuan station are usually larger
than those of the area-average values, especially for the variances in summer months.
This implies the heterogeneity in the spatial distribution of precipitation in the study
area, which is also evidenced by the signiﬁcant diﬀerences between the monthly pre-
cipitation totals for Heyuan station and the area-average values for May and June (see 5
the lower right part of Fig. 2). Since precipitation totals are primarily controlled by the
mean daily amounts, monthly variations of Pm and µ, as shown in the lower right part
of Fig. 2 and the left part of Fig. 3 are very much consistent.
To further evaluate the reliability of the stochastic weather generator, spatial distribu-
tion of precipitation amounts and model parameters within the GCM grid is examined. 10
Based on the 32-year observed daily precipitation data, Figs. 4 and 5 are drawn to
show the contours of the mean monthly precipitation in June and the spatial distribu-
tion of the six model parameters for the same month, respectively. Figure 4 shows that
the monsoon-driven precipitation generally decreases from south to north as the dis-
tance increases inland from the South China Sea, and precipitation peaks are roughly 15
located at the northern end of the Pearl River Delta where the plains meet mountains
in Qingyuan and Fugan counties. This spatial pattern is very much consistent with the
annual precipitation distribution shown in the literature (e.g., Atlas of Natural Hazards in
Guangdong, Map Publishing House of Guangdong Province, 1995). Since the monthly
precipitation amounts are understandably controlled by the probabilities of rainfall oc- 20
currence and the mean daily precipitation amounts, the spatial distribution of these
three quantities should be very similar. In fact, comparison of Figs. 4 with 5 indicates
that: (1) the precipitation center coincides with the areas where the chances of rainfall
events are the highest (Fig. 5a); (2) the mean daily precipitation amounts (Figs. 5c and
d), especially for those days of continuous rainfall events (w/w situation), vary within 25
the GCM grid in a very similar fashion as the monthly totals; and (3) the interannual
variations of precipitation, especially for the w/w situation, are higher in the areas with
greater amounts of precipitation (Figs. 5e and f).
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4.2 Downscaling procedure
The downscaling procedure described in the last section is now used to disaggregate
model parameters from area-averages for a GCM grid to individual sites on the ground.
In order to validate this approach, two daily precipitation series for each station – one
for the baseline climate and the other for the assumed future climate – are used to 5
produce the estimated and downscaled model parameters together with the precipi-
tation amounts. In this study, the baseline series are the observed daily precipitation
at the 17 stations for the 32 years. Based on a hypothetical scenario that the mean
annual area-average precipitation for the GCM grid box will increase by roughly 10%
in the future, observed daily precipitation data of the 16 comparatively wet years were 10
selected to construct a changed climate series. The downscaling procedure and its val-
idation are depicted in Fig. 6, including the following ﬁve steps: (1) precipitation model
parameters were estimated for individual stations using the baseline series and then
averaged for the GCM grid; (2) precipitation model parameters were estimated for indi-
vidual stations using the changed-climate series and then averaged for the GCM grid; 15
(3) area-averaged parameters under the changed climate were downscaled to produce
a set of parameters for each station; (4) the downscaled parameters were compared
against those estimated from the changed-climate series to evaluate the reliability of
the downscaling method; and ﬁnally (5) daily precipitation series were generated using
the weather generator with the downscaled parameters and then compared against the 20
changed climate series to validate the downscaling procedure.
The accuracy and reliability of the downscaling method are assessed by comparing
the estimated and downscaled parameters under the changed climate. The relative
errors of several summarized statistics between the two sets of mean monthly param-
eters for all stations are given in Table 3, indicating that the downscaled parameters 25
π, γ and µ generally fall within 10% of the corresponding values estimated directly
from the precipitation series. However, the downscaling method is signiﬁcantly less
reliable for the variance σ
2 for which the relative errors ﬂuctuate dramatically and even
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reach several hundred percents in a few cases. This indicates that the downscaling
method can accurately disaggregate areal averages of parameters π, γ and µ into
station-based values, but becomes less accurate for the variance σ
2 of precipitation
amounts. The small accuracy in disaggregating station-based variance σ
2 of the pre-
cipitation attributes is to some extent due to the “constant ratio” assumption, i.e., A2 5
in Sect. 3.2. As can be seen from Fig. 7, the ratio of the precipitation statistics (µ and
σ
2) of changed climate to the present climate condition is much more stable for area
average values than for station-based values. Figure 7 also shows that the ratios of µ
are more consistent than those of σ
2. This explains why the downscaling method was
more accurate for µ than for σ
2 (see Table 3). Regarding the performance of downscal- 10
ing under diﬀerent weather conditions, the method is more accurate in producing the
w/w parameters as their relative errors averaged over all stations are obviously smaller
than those for the w/d situation in almost all cases (see Table 3). This is also shown
in Fig. 7 that the ﬂuctuations in precipitation parameters throughout the year at the two
scales (area and station) are more consistent for continuous rainy days (w/w) than the 15
dry-to-wet (w/d) transition.
In practice, although the accuracy of downscaling procedure for daily precipitation
series at local or station scale directly determines the overall validity of projected cli-
mate change scenarios for impact studies, it is more important to compare the mean
monthly and annual precipitation amounts of the changed climate series and the pre- 20
cipitation series generated using the downscaled parameters. As shown in Table 4 for
Heyuan (the best case) and Lianxian (the worst case) and the average in the study
area, the relative errors of mean monthly precipitation are normally less than 10% ex-
cept for dry-season months with little precipitation which are of little concern. The two
precipitation series are generally quite consistent in the wet season in terms of monthly 25
totals, with the average relative errors ranged from 5.2–8.3% for all stations in the wet
months (April to September) and 5.3–16.0% in the dry months (October to March).
With regard to the mean annual precipitation amounts, the diﬀerences between the
observed and the downscaled series are minimal, with the relative errors ranging from
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0.2% (Heyuan) to 6.3% (Lianxian) with an average of 1.9%.
The downscaling procedure was further validated by comparing the estimated and
downscaled mean monthly precipitation parameters and precipitation amounts using
the changed climate series. Regarding the accuracies of the downscaling procedure,
the above ﬁndings hold in general. As an example, Fig. 8 shows the estimated and 5
downscaled results for Heyuan station, from which we can see the general consisten-
cies for all months, except for the variances at some months where the two sets of
parameters diﬀer signiﬁcantly from each other as demonstrated by the large relative
errors in Table 3.
In conclusion, the method presented here works reasonably well in the study region 10
with respect to the mean monthly and annual precipitation amounts, which are gener-
ally the main interests in climate change impact studies. We therefore will adopt the
method in the next section to assess the impact of climate change on precipitation
amounts at local scales.
5 Application of the model in downscaling future precipitation 15
The future changed climate data from coarse-grid GCMs are often not available daily
but monthly. The statistical structure of daily precipitation series in the changed cli-
mate would not be known from the published GCM outputs. Therefore, evaluating
the changes of daily statistical parameters based on available monthly precipitation
amounts from GCM at the grid scale is a better approach to generating realizations of 20
the future daily precipitation series. In this approach, we should ﬁrst obtain projected
future precipitation change scenarios predicted by GCMs and then establish the links
between daily parameters and monthly parameters. The daily statistical parameters
are adjusted on the basis of the change scenario of monthly precipitation. Lastly, the
realizations of daily precipitation series are generated by the stochastic weather gen- 25
erator with the adjusted parameters.
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5.1 Projected future scenario of precipitation change
As mentioned earlier, HadCM2 is a coupled ocean/atmosphere model used in this
study. It is forced by combined CO2 and albedo (as a proxy for sulphate aerosol)
changes. Table 5 lists the results of a projected future precipitation change scenario
over 2040–2069 or the 2050s versus present forcing scenario over 1961–1990 for the 5
HadCM2 grid.
5.2 Adjustment of parameters
Once again, the daily precipitation series for the changed climate scenario will be de-
termined by six parameters µ(w/d), σ(w/d), µ(w/w), σ(w/w), π and γ. In general all six
parameters may change, but how they change in accord with the climate changes is 10
diﬃcult to know. On the basis of the projected monthly precipitation changes in the
2050s, the possible changes for parameters µ, σ and π are discussed here and their
inﬂuences on the generation of daily precipitation series is analyzed from the extreme
value of the generation series.
Let SN be the sum of N daily precipitation amounts, the mean and variance of this 15
quantity can be written as
µ(SN) = Nπαβ and σ2(SN) ≈ Nπαβ2[1 + α(1 − π)(1 + γ)

(1 − γ)], (11)
respectively (Katz, 1983, 1985), where the approximation is for large N. These cor-
respond to the average monthly precipitation and its variance, for a month comprised
of N days. Denote GCM grid parameters in the changed climate by prime. The ratios 20
of the above parameters in the changed climate to those characterizing the present
forcing climate gives
µ(S
0
N)
µ(SN)
=
π
0µ
0
πµ
=
π
0α
0β
0
παβ
and
σ
2(S
0
N)
σ2(SN)
=
π
0α
0β
02[1 + α
0(1 − π
0)(1 + γ
0)

(1 − γ
0)]
παβ2[1 + α(1 − π)(1 + γ)

(1 − γ)]
,(12)
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where the parameters without prime represent the values for the present climate and
are known. The statistics on the left-hand side constitute the basic information describ-
ing the change of monthly precipitation amounts in question (Wilks, 1992).
For this model, the unconditional mean µ and variance σ
2 of daily precipitation are
given by 5
µ=(1−π)µ(w/d)+πµ(w/w) and σ2=[(1−π)σ2
(w/d)+πσ2
(w/w)]+π(1−π)[µ(w/w)−µ(w/d)]2(13)
(Katz, 1996). The formula to generate daily precipitation p could be expressed as
p = µ + σε, (14)
where ε is a Gamma distributed random variable with a range from 0 to 1.
5.2.1 Adjustment of mean daily precipitation µ 10
If the parameters σ, π and γ are kept unchanged for the changed climate, Eq. (12) en-
sures that the proportional change of daily precipitation µ is the same as that of monthly
precipitation. In this case, the monthly precipitation from generated daily precipitation
series using Eq. (14) will be also the same as that from GCMs at the grid scale. It is
simplest to assume that the conditional means of precipitation on dry and wet days are 15
adjusted by the same amount, i.e., µ
0=µ(1+k), both in w/d and w/w weather cases.
In order to obtain the means of precipitation at the station scale, conditional means of
precipitation in grid scale are then downscaled by Eq. (10). For illustrative purpose, the
results of adjusted µ for the Heyaun station are shown in Table 6.
5.2.2 Adjustment of standard variance of daily precipitation (σ) 20
Interannual variability of precipitation has been reported to change in the same direc-
tion as the mean in GCM studies (Rind et al., 1989), and consistent results are evident
in observed data (Waggoner, 1989, Wilks, 1992). If the adjustment of µ is adopted
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as in Table 6, the result from Waggoner (1989) for adjusting σ imposes the following
condition
σ
2(S
0
N)
σ2(SN)
=
"
µ(S
0
N)
µ(SN)
#1.31
= k1.31, (15)
under the assumption that other parameters are unchanged. Comparing Eqs. (12) and
(15) leads to 5
σ02 = k1.31σ2(1 + dµ2
.
σ2) − d k2µ2 (16)
where σ
0 is the standard variance of the GCM grid daily precipitation in the changed
climate, and d=(1−π)(1+γ)

(1−γ).
An examination of Eq. (13) reveals that any change in the unconditional standard
deviation σ will be proportionately less than any change in the conditional standard 10
deviations σ(w/d) and σ(w/w). Suppose that the changes of σ
0
(w/d) and σ
0
(w/w) are pro-
portional to the changed climate at the grid scale, i.e., σ
0=σ+∆, in both w/d and w/w
cases, then σ
0
(w/d) and σ
0
(w/w) can be obtained by Eqs. (13) and (16) and transferred to
the station scale by downscaling Eq. (10). Table 7 shows the calculated results of σ
0
for the changed climate scenario for the Heyuan station. 15
5.2.3 Adjustment of daily precipitation occurrence π
Assume that µ, σ and γ are kept unchanged under the changed climate. The change
of monthly precipitation due to changes of π is predicted from HadCM2 as following.
Monthly changes in precipitation will be due to π, which are predicted from HadCM2.
From Eqs. (11–13), we have 20
(1 − π
0)µ(w/d) + π
0µ(w/w)]π
0
[(1 − π)µ(w/d) + πµ(w/w)]π
=
Nπ
0µ
0
Nπµ
= k (17)
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and
π0 =
−µ(w/d) +
q
µ2
(w/d) + 4πk[µ(w/w) − µ(w/d)]{µ(w/d) + π[µ(w/w) − µ(w/d)]}
2[µ(w/w) + µ(w/d)]
. (18)
By downscaling Eq. (9), π
0 is transferred to station scale. The calculated results at
Heyuan station is presented in Table 8.
5.3 Maximum characteristics of generated daily precipitation for the adjustment of 5
parameters
Parameter changes will inﬂuence the occurrence and amount of daily precipitation.
For each adjustment of the above three parameters, a set of daily precipitation se-
ries of 200 years is generated by the stochastic model using Monto-Carlo simulation.
The maximum daily precipitation amount (MDP), maximum 3-day precipitation amount 10
(M3P) and maximum 7-day precipitation amount (M7P), as well as their corresponding
probability of occurrence in each month were obtained from the generated series to
evaluate the signiﬁcance of change of daily precipitation under the changed climate
(see Figs. 9 and 10).
It can be seen that the change of µ and the simultaneous change of both µ and σ 15
increase the probabilities of occurrence of MDP, M3D and M7D in the changed climate,
compared with the present climate. These increases are more signiﬁcant for the larger
values in the MDP, M3P and M7P series. However, only slight changes of MDP, M3P
and M7P series are observed for changed π. In terms of the timing of maximum pre-
cipitation, climate change will not alter the largest probabilities of MDP, M3P and M7P 20
occurrence in May and June. Compared to the current situation, these probabilities
will increase signiﬁcantly and consistently in March. For other months the changes are
generally smaller and highly variable.
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6 Discussions and conclusions
The stochastic model for daily precipitation generation and the statistical downscaling
approach for transferring statistical parameters from GCM grid scale to local scale are
investigated and applied to the subtropical region in South China. Model accuracy is
assessed by comparing the generated and observed daily precipitation series. Results 5
show that model structure is generally reasonable and this downscaling approach with
weather generation technique could be used in obtaining precipitation series at the
smaller spatial and temporal scales. Attention should be paid to the following aspects
when applying the statistical downscaling model.
1. Determination of statistical parameters on the basis of the diﬀerences of the 10
monthly precipitation reﬂect interannual structure of precipitation, and is nec-
essary for adjustment of the daily parameters in light of monthly precipitation
changes.
2. Parameter adjustments for daily information on the basis of monthly results from
GCMs is a better way at present, because the results from a particular GCM grid 15
reﬂect broader geographic features or “consensus” changes among GCMs at the
user’s discretion (Wilks, 1992).
3. Although uncertainties on the changes of daily parameters exist, we may still
evaluate the inﬂuences of the changed daily parameters on the daily precipitation
series, especially on extreme values of the generated series, which is very impor- 20
tant in assessing the potential impacts on hydrology, water resources utilization
and environment.
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Table 1. Location and precipitation of stations in the study area.
Station Latitude (
◦ N) Longitude (
◦ E) Annual mean Weight
precipitation (mm)
Heyuan 23.44 114.41 1971 0.089
Shanghang 25.03 116.25 1504 0.075
Meixian 24.18 116.07 1527 0.031
Wuhua 23.56 115.46 1524 0.101
Huilai 23.02 116.18 1834 0.038
Shanwei 22.47 115.22 1886 0.071
Shenzhen 22.33 114.06 1906 0.034
Huiyang 23.05 114.25 1658 0.080
Lianping 24.22 114.29 1776 0.080
Nanxiong 25.08 114.19 1545 0.027
Shaoguan 24.48 113.35 1504 0.075
Fogan 23.52 113.32 2207 0.088
Guangzhou 23.08 113.19 1691 0.077
Taishan 22.15 112.47 1946 0.020
Gaoyao 23.03 112.28 1663 0.024
Guangning 23.38 112.26 1706 0.046
Lianxian 24.47 112.23 1582 0.046
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Table 2. Mean monthly values of the area-average model parameters and precipitation
amounts of the observed and generated daily precipitation series.
Month Jan Feb March April May June July Aug Sep Oct Nov Dec
π
obs 0.24 0.35 0.43 0.47 0.54 0.58 0.46 0.49 0.38 0.20 0.17 0.17
gen 0.24 0.36 0.43 0.47 0.54 0.58 0.47 0.48 0.36 0.21 0.16 0.18
γ
obs 0.37 0.40 0.37 0.33 0.34 0.36 0.34 0.33 0.34 0.38 0.39 0.39
gen 0.39 0.43 0.38 0.34 0.34 0.37 0.37 0.31 0.34 0.37 0.39 0.42
µ (w/d)
obs 4.55 4.67 7.00 12.15 13.50 11.72 11.81 12.35 11.30 9.09 6.39 4.55
gen 4.73 4.76 7.10 12.01 13.40 11.80 11.95 12.14 11.38 9.65 6.76 5.12
µ (w/w)
obs 7.42 8.86 9.69 15.55 19.06 18.37 15.57 15.82 15.59 15.23 10.78 8.07
gen 7.38 8.57 9.41 15.06 18.38 17.91 14.96 15.31 15.10 15.61 10.65 8.07
σ
2 (w/d)
obs 52.85 49.42 127.01 303.80 368.64 324.00 344.47 305.90 311.52 240.87 117.94 68.39
gen 40.20 37.70 89.68 211.41 264.71 231.04 257.60 220.22 218.15 174.50 91.39 51.84
σ
2 (w/w)
obs 109.83 123.00 192.93 434.72 639.58 664.61 467.42 474.80 513.02 540.56 239.63 142.80
gen 77.44 81.36 123.43 288.66 432.64 457.96 307.30 326.52 334.16 383.38 164.87 93.90
P m
obs 44.3 76.5 114.2 199.7 283.1 288.5 203.5 223.3 159.5 74.1 43.3 30.4
gen 46.1 70.9 116.4 200.7 286.7 288.0 209.0 222.3 160.9 79.9 45.6 33.4
RE
∗ 4.23 7.24 1.90 0.52 1.29 0.18 2.70 0.44 0.87 7.85 5.18 9.72
∗Relative error in percent.
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Table 3. Relative errors (%) between mean monthly model parameters estimated from the
changed climate series and the corresponding downscaled values for the 17 stations.
Month Jan Feb March April May June July Aug Sep Oct Nov Dec
π
Mean 5.87 2.29 2.63 2.40 1.21 3.62 4.93 2.59 3.05 5.67 5.35 10.62
SD 3.29 2.15 1.38 1.60 0.85 2.39 2.46 1.84 1.78 3.15 5.26 4.91
Min 0.75 0.07 0.68 0.10 0.12 0.12 0.30 0.06 0.56 0.93 0.19 0.37
Max 12.00 6.66 4.62 6.38 2.72 8.68 8.55 6.44 5.93 12.12 21.93 18.54
γ
Mean 10.18 4.55 10.56 7.13 8.41 7.21 6.97 6.91 6.72 3.81 5.48 14.97
SD 8.38 4.03 8.02 4.90 6.88 5.10 5.90 3.95 5.00 3.07 4.58 7.14
Min 0.00 0.73 1.19 1.24 1.74 0.09 0.83 1.03 1.25 0.33 0.01 4.29
Max 29.88 13.42 33.40 21.15 21.64 17.86 23.14 15.07 17.29 11.63 16.89 28.01
µ (w/d)
Mean 9.49 9.14 7.27 7.40 10.52 14.97 11.18 7.83 7.56 16.62 12.11 17.80
SD 8.60 8.09 5.88 7.13 7.11 10.28 8.03 7.42 7.74 14.06 9.48 13.94
Min 0.16 0.04 0.95 0.41 0.05 0.24 1.19 0.26 0.43 0.99 2.05 1.20
Max 27.29 30.39 24.70 24.56 30.25 42.00 34.33 22.15 25.13 57.61 29.96 48.22
µ (w/w)
Mean 6.19 4.98 8.16 4.62 5.18 6.41 3.84 4.96 6.82 8.01 7.15 18.76
SD 5.37 4.25 4.88 4.53 3.60 4.84 3.14 5.04 5.44 5.18 6.60 21.94
Min 0.28 0.48 0.97 0.01 0.06 0.29 0.04 0.19 0.53 2.24 0.53 1.44
Max 16.61 14.80 19.83 14.35 12.47 15.27 11.32 17.45 16.15 20.98 25.43 97.04
σ
2 (w/d)
Mean 35.21 20.09 15.94 29.18 27.42 38.90 41.70 21.40 35.44 58.87 25.60 103.41
SD 38.80 24.17 12.84 28.16 22.20 41.55 58.66 23.66 54.52 69.36 19.22 118.49
Min 6.63 0.21 2.14 1.02 0.71 1.47 3.90 0.28 3.54 3.44 1.79 6.41
Max 147.1 89.9 53.2 108.3 74.1 128.0 203.3 67.8 241.5 233.3 66.3 358.1
σ
2 (w/w)
Mean 14.06 19.11 8.90 21.78 11.67 30.41 17.61 14.03 21.69 19.21 23.78 69.90
SD 9.91 22.10 7.65 10.92 10.13 12.62 14.21 14.63 18.53 17.48 23.83 121.34
Min 3.60 0.47 0.09 4.80 0.43 4.27 0.07 0.64 0.03 1.19 1.66 3.12
Max 37.32 79.12 24.30 39.65 38.02 46.81 51.62 57.37 66.95 64.67 96.47 529.28
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Table 4. Mean monthly and annual precipitation amounts (mm) of observed and downscaled
series for the changed climate, as well as their relative errors (RE) for Heyuan (with the least
relative errors), Lianxian (with the largest relative error) and for the average of 17 stations.
Month Jan Feb March April May June July Aug Sep Oct Nov Dec Total
Heyuan
Obs 57.2 124 174 251 382 379 223 260 165 61.9 51.0 26.4 2154
Down 49.5 108 169 258 394 409 219 239 161 66.7 44.6 33.2 2150
RE (%) 13.5 13.0 2.9 2.6 3.2 7.9 1.7 8.1 2.3 7.6 12.5 25.4 0.2
Lianxian
Obs 65.1 110 178 251 312 242 151 193 96.9 75.9 66.1 50.3 1791
Down 62.8 104 174 245 302 219 150 164 87.1 77.0 62.1 33.0 1678
RE (%) 3.6 5.9 2.2 2.2 3.5 9.7 1.0 14.9 10.0 1.4 6.0 34.4 6.3
Average RE (%) 7.8 10.6 5.3 5.4 5.5 6.9 6.0 5.2 8.3 7.2 12.6 16.0 1.9
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Table 5. Projected future precipitation change scenario over 2040–2069 or the 2050s vs.
present forcing scenario over 1961–1990 in study grid from HadCM2.
Month Jan Feb March April May June July Aug Sep Oct Nov Dec
Present P (mm/d) 1.57 2.69 3.74 6.76 9.18 9.65 6.58 7.49 5.24 2.96 1.59 1.06
Changed
∆P (mm/d) −0.13 0.12 2.26 0.42 1.88 1.11 −0.54 −0.18 −0.73 0.13 −0.25 −0.21
k (%) −8.11 4.46 60.4 6.21 20.5 11.5 −8.25 −2.40 −13.8 4.48 −15.9 −19.4
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Table 6. Mean of daily precipitation in the changed climate at Heyuan.
Month K (%)
µ(w/d) µ(w/w)
Grid Heyaun Grid Heyuan
Present Changed Observed Changed Present Changed Observed Changed
Jan −8.11 4.55 4.18 5.09 4.67 7.42 6.82 8.68 7.97
Feb 4.46 4.67 4.88 5.89 6.16 8.86 9.25 10.39 10.85
March 60.35 7.00 11.22 7.87 12.61 9.69 15.54 10.49 16.82
April 6.21 12.15 12.90 13.62 14.47 15.55 16.52 17.74 18.84
May 20.48 13.50 16.27 10.90 13.13 19.06 22.96 22.85 27.53
June 11.45 11.72 13.06 9.56 10.66 18.37 20.47 23.40 26.07
July −8.25 11.81 10.84 10.67 9.79 15.57 14.29 14.40 13.21
Aug −2.40 12.35 12.05 11.73 11.45 15.82 15.44 14.91 14.55
Sep −13.84 11.30 9.74 12.56 10.82 15.59 13.43 13.35 11.50
Oct 4.48 9.09 9.50 8.29 8.66 15.23 15.91 14.90 15.57
Nov −15.88 6.39 5.38 7.40 6.22 10.78 9.07 12.56 10.57
Dec −19.37 4.55 3.67 6.47 5.22 8.07 6.51 8.29 6.69
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Table 7. Standard deviation of daily precipitation in the changed climate at Heyuan.
Month
σ(w/d) σ(w/w)
Grid Heyuan Grid Heyuan
Present Changed Observed downscaled Present Changed Observed Downscaled
Jan 7.27 6.95 6.37 6.09 10.48 10.02 13.81 13.20
Feb 7.03 6.92 8.55 8.42 11.09 10.92 13.61 13.40
March 11.27 13.42 11.29 13.45 13.89 16.53 14.00 16.67
April 17.43 17.84 18.47 18.91 20.85 21.34 22.47 23.01
May 19.20 20.77 13.61 14.73 25.29 27.36 31.03 33.57
June 18.00 18.83 15.74 16.47 25.78 26.98 37.60 39.34
July 18.56 17.70 17.78 16.96 21.62 20.62 20.91 19.94
Aug 17.49 17.22 14.11 13.90 21.79 21.46 19.93 19.63
Sep 17.65 16.36 17.37 16.10 22.65 20.99 20.51 19.01
Oct 15.52 15.61 11.50 11.57 23.25 23.39 20.08 20.21
Nov 10.86 10.01 10.21 9.41 15.48 14.27 13.77 12.69
Dec 8.27 7.48 13.57 12.27 11.95 10.80 11.53 10.42
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Table 8. Daily precipitation occurrence in the changed climate at Heyuan.
Month Jan Feb March April May June July Aug Sep Oct Nov Dec
π-Averaged
observed 0.24 0.35 0.43 0.47 0.54 0.58 0.46 0.49 0.38 0.20 0.17 0.17
changed 0.22 0.36 0.64 0.50 0.63 0.63 0.43 0.48 0.33 0.21 0.15 0.14
π-Heyuan
observed 0.22 0.36 0.47 0.49 0.61 0.62 0.49 0.51 0.39 0.18 0.15 0.18
changed 0.20 0.37 0.68 0.52 0.69 0.67 0.46 0.50 0.34 0.19 0.12 0.15
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Fig. 1. Map of the study area (HadCM2 grid box) and network of 17 meteorological stations.
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Fig. 2.  Mean monthly parameters and precipitation amounts for Heyuang station and area-
average precipitation amounts for the GCM grid box. 
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Fig. 2. Mean monthly parameters and precipitation amounts for Heyuang station and area-
average precipitation amounts for the GCM grid box.
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Fig. 2.  Mean monthly parameters and precipitation amounts for Heyuang station and area-
average precipitation amounts for the GCM grid box. 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3.  Mean monthly parameters for Heyuang station and the corresponding area-average 
values. 
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Fig. 3. Mean monthly parameters for Heyuang station and the corresponding area-average
values.
1176HESSD
3, 1145–1183, 2006
Downscaling of daily
precipitation
Y. D. Chen et al.
Title Page
Abstract Introduction
Conclusions References
Tables Figures
J I
J I
Back Close
Full Screen / Esc
Printer-friendly Version
Interactive Discussion
EGU
  30
 
220
240
240 260
260
280
300 320
340
340
360 360
360
380
112.5 113.0 113.5 114.0 114.5 115.0 115.5 116.0
22.5
23.0
23.5
24.0
24.5
25.0
 
 
L
a
t
i
t
u
d
e
 
(
o
N
)
Longitude (
oE)
 
Fig. 4.  Spatial distribution of mean monthly precipitation amounts in June. 
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Fig. 5.  Spatial distribution of mean monthly precipitation model parameters in June.  Fig. 5. Spatial distribution of mean monthly precipitation model parameters in June.
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Fig. 6.  Flow chart of the process for the validation of the downscaling procedure. 
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Fig. 6. Flow chart of the process for the validation of the downscaling procedure.
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Fig. 7.  Ratios of mean monthly parameters for the changed-climate series and the baseline 
series: single-station (c/s) vs area-average (g/a). 
Fig. 7. Ratios of mean monthly parameters for the changed-climate series and the baseline
series: single-station (c/s) vs. area-average (g/a).
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Fig. 8.  Mean monthly precipitation parameters and amounts of the changed-climate series 
for Heyuan station: estimated (es) vs downscaled (ds). 
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Fig. 9. Probability distribution curves of MDP (top-left), M3P (top-right), and M7P (bottom). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
(%) 
(%)  (%) 
Fig. 9. Probability distribution curves of MDP (top-left), M3P (top-right), and M7P (bottom).
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Fig. 10. Probability of occurrence of MDP (top-left), M3P (top-right), and M7P (bottom) in 
each month. 
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Fig. 10. Probability of occurrence of MDP (top-left), M3P (top-right), and M7P (bottom) in each
month.
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